Farmers have limited knowledge of inorganic soil nitrogen (n) concentration during maize (Zea mays L.) growth in the uS Midwest, particularly after periods of wet spring weather. The objectives of this study were to calibrate the Decision Support System for Agrotechnology Transfer (DSSAT) model for predicting inorganic soil n concentration using data from three field experiments in Illinois, to evaluate model performance against three independent sites and additional data from 49 commercial maize fields, and to assess the impacts of rainfall variability on the predicted decrease in soil n concentration early in the growing season. Model calibration included adjustments to soil organic matter (SOM) decomposition parameters based on predicted soil organic carbon concentration (obtained from gSSurgO) and soil drainage rates. Model performance was considered "fair" in predicting SOM mineralization dynamics and the effects of fall vs. spring n fertilizer application across the validation datasets (normalized rMSE, 21.2-25.7%). The model also captured the variability in soil n concentration across 49 commercial fields (R 2 = 0.68-0.88; slope, 0.99-1.24), with higher cumulative rainfall from january to july (>800 mm) reducing predicted soil n availability compared with fields receiving less rainfall (500-600 mm). results suggest that DSSAT has the potential to estimate soil n availability across variable weather patterns, soil properties, and fertilizer management scenarios in Illinois. However, future work is needed to further improve model accuracy, especially if it is to be used as a decision support tool for farmers.
N itrogen fertilizer management in the US Midwest has received significant attention because of economic and environmental concerns (Cassman et al., 2002; Ewing and Runck, 2015) . Although N management constitutes approximately one-fifth of the total nonland costs, Cassman et al. (2002) estimated N fertilizer usage by maize at only 37 ± 30% of the applied N fertilizer, leaving a significant portion of N vulnerable to environmental loss. Agricultural N losses have been linked to water resource degradation, such as the hypoxic zone in the Gulf of Mexico (David et al., 2010; Gentry et al., 2009; Goolsby and Battaglin, 2001; Royer et al., 2006) . Moreover, N fertilizers are associated with increased emissions of nitrous oxide into the atmosphere, which has a global warming potential roughly 300 times greater than CO 2 for a 100-yr timescale (Burzaco et al., 2014; Decock, 2014; Hoben et al., 2011; Millar et al., 2010) . Therefore, to achieve the dual goals of maximizing farm profits and reducing environmental impacts, there is an urgent need to develop tools for better synchronizing soil N supply with crop demand.
Various studies have reported that soil N concentration is highly variable in space and time due to differences in SOM mineralization and environmental losses (Mamo et al., 2003; van Es et al., 2005) . For instance, SOM mineralization is a microbial-driven process that can contribute 88 to 247 kg N ha −1 to soil N supply over the course of a growing season (Gentry et al., 1998; Jokela and Randall, 1989) , depending on soil properties and weather patterns (Mamo et al., 2003) . Soil inorganic N is susceptible to environmental losses regardless of whether it originated from SOM mineralization or fertilizer addition. Earlyseason precipitation is a primary factor controlling losses due to leaching and denitrification processes (Randall and Mulla, 2001; Sogbedji et al., 2001) . Using the LEACHMN model in New York, Sogbedji et al. (2001) reported that environmental losses reduced soil N content by 35 to 50 kg N ha −1 in wet compared with dry years in both well-drained and poorly drained soils. In their study, the magnitude of environmental losses differed depending on soil drainage, with excessive leaching and denitrification being the dominant process in well-drained and poorly drained soils, respectively. Similarly, using the Agricultural Production Systems Simulator in Iowa, Puntel et al. (2016) showed that high April-June cumulative precipitation reduced SOM mineralization and contributed to exponential increases in N losses (denitrification and leaching), thereby reducing soil N supply. Together, the spatial and temporal variation in soil N concentration during the growing season makes it difficult to determine site-specific optimal N fertilizer application rates, increasing the likelihood of under-or overapplication of N fertilizer.
To minimize the risk of crop yield penalties, farmers are often concerned with ensuring sufficient N supply at the time of maximum N uptake, which generally occurs in a 3-to 4-wk period prior to silking (Bender et al., 2013) . Several soil-and plant-based diagnostic tools have been developed to estimate soil N concentration in the maize growing season, such as soil NO 3 -N tests (Magdoff et al., 1984; Schmitt and Randall, 1994) and canopy sensors (Scharf et al., 2011; Schmidt et al., 2011) . Soil N tests quantify the contribution of either residual N from the previous crop or soil N supplying capacity in the maize growing season (Blackmer et al., 1989; Bundy and Malone, 1988; Magdoff et al., 1984; Schmitt and Randall, 1994) . On the other hand, sensor-based tools assess chlorophyll content or use vegetative indexes to determine N sufficiency during critical crop growth stages (Dwyer et al., 1995; Ziadi et al., 2008) . Yet, the performance of sensor-based tools may vary significantly depending on crop varieties and growth stages (Debaeke et al., 2006; Ziadi et al., 2008) . Several other drawbacks of soil-and plant-based diagnostic tools include the time required to obtain representative samples, the cost of analysis, and the need for reliable calibration data to process results into recommendations, all of which pose challenges for large farms.
Scientists have developed model-based, real-time N management tools to replace or supplement existing N management tools. For example, Adapt-N provides site-specific N recommendations in the maize growing season based on soil N dynamics simulated by the Precision Nitrogen Management model (van Es et al., 2002) . Similarly, the Climate Corporation has developed the FieldView tool for predicting soil N status over the maize growing season. However, commercial modeling programs have limitations. For instance, empirical data are not always available, demon-strating model performance in predicting soil N concentration under a range of soil and crop management conditions, particularly for FieldView, which does not have a record of published studies. Moreover, underlying source codes are not accessible in the public domain, which hinders involvement of the wider research community in model improvement. Although numerous crop models exist in the public sector with the potential to predict maize crop growth and N cycling, the majority were not designed to support in-season N management decisions (Banger et al., 2017; Jones et al., 2003; Keating et al., 2003; Stockle et al., 2003) . Although scientists developed Maize-N to provide in-season N recommendations based on crop yield predictions and SOM mineralization (Yang and Janssen, 2000; Yang et al., 2006) , to our knowledge it has been validated in Nebraska and South Dakota (Setiyono et al., 2011; Yang et al., 2006) . Similarly, researchers have improved the Agricultural Production Systems Simulator in Iowa (Archontoulis et al., 2014; Puntel et al., 2016) . Hence, there is an opportunity to evaluate other publicly available crop models, such as Decision Support System for Agrotechnology Transfer (DSSAT), with a specific focus in predicting soil N concentration in Illinois.
Despite increasing concerns about environmental N losses in the US Midwest, the common occurrence of a wet early spring weather can contribute to uncertainty about soil N status, which in turn increases the tendency for farmers to feel additional N application is necessary. Being able to estimate soil N transformations over time under variable rainfall patterns, soil properties, and N fertilizer management scenarios could help support in-season N management decisions. With the long-term aim of developing a real-time N management tool for tracking inorganic soil N status, the objectives of this study were (i) to calibrate a well-established publicly available crop model (DSSAT) using inorganic soil N concentration data from three experimental sites in Illinois from 2015 to 2016, (ii) to evaluate model performance against three independent experiments from 2015 to 2017 and an additional dataset of soil N concentration in 49 farmers' fields, and (iii) to assess the model's ability to predict the impacts of rainfall variability on the decrease in soil N concentrations early in the maize growing season.
MATErIALS AnD METHODS

Description of the DSSAT Model
The DSSAT model is a widely used crop model that simulates daily crop growth and development on a homogenous land area in response to agronomic management and climate scenarios ( Jones et al., 2003) . The modular structure of DSSAT consists of cropping system, weather, soil, and crop management modules. In this study, a modified CENTURY version (Gijsman et al., 2002) calculated SOM mineralization, whereas the CERES-Maize model ( Jones and Kiniry, 1986 ) estimated maize growth and development. Multiple published articles (Adiku et al., 2008; Gijsman et al., 2002; Parton et al., 1987 Parton et al., , 1994 provide detailed descriptions of the CENTURY model and its integration in the DSSAT framework. In brief, DSSAT automatically separates SOM into different pools, which vary in decomposition rates. The model calculates N mineralization and immobilization on a daily basis based on the C flows and C/N ratio of different SOM pools.
Input Datasets
To perform DSSAT simulations, four primary datasets are required: soil profile characteristics, daily weather parameters, soil initial conditions, and crop management information ( Jones et al., 2003) . Weather parameters, such as daily solar radiation, maximum air temperature, minimum air temperature, rainfall amount, pan evaporation, and relative humidity, were obtained from 19 weather stations in the Illinois Climate Network (http://www.isws.illinois.edu/warm/datatype.asp). We used the data from the most proximate weather station to generate input files for DSSAT simulations at a particular field.
Soil parameters (texture, bulk density, soil organic C (SOC), albedo, drainage constants, and runoff curve number) were obtained from the Gridded Soil Survey Geographic (gSSURGO) dataset (Soil Survey Staff, 2016) . The use of SOC from gSSUR-GO rather than field measurements during model calibration and validation is an important assumption in this study. Although using measured SOC values is more standard, the majority of modeling studies are restricted to running simulations at specific locations. In contrast, our long-term goal was to create a geospatial decision support tool that farmers could use throughout Illinois by combining farm-level management practices in DSSAT with publicly available input datasets for soils and weather information. Hence, we did not want to introduce uncertainties associated with different methods of SOC estimation during calibration and validation steps as compared with model application. Few studies have evaluated the comparison of field measurements of SOC and estimates from gSSURGO, but Zhong and Xu (2011) found no significant differences across 30 sites in Louisiana.
It is important to consider that field measurements also have drawbacks. For example, with field measurements it is challenging to capture the variability of SOC concentrations within a field, which makes it difficult to detect changes in space and time (Necpálová et al., 2014) . Moreover, different laboratories can produce different SOC results for the same soil, influencing soil N mineralization estimates and N rate recommendations derived from model-based decision support tools (Osmond et al., 2018) . Similar to our approach, gSSURGO provides default soils information for other N management tools, such as Adapt-N, which can be further refined by user-supplied data (Sela et al., 2016) . To quantify the model uncertainty related to this assumption, we performed a sensitivity analysis for the on-farm validation simulations discussed below. At each site, SOC was adjusted ±10% relative to the gSSURGO estimate. This hypothetical change in SOC had a negligible impact on predictions of soil N concentration (<2.5%) during the early growing season across 49 sites.
We used the bulk density and thickness of soil layers from gSSURGO to partition SOC into different SOM pools using the DSSAT default procedure (Gijsman et al., 2002) . We estimated soil drained upper and lower limits, saturation, drainage coefficients, and runoff curve number based on the information provided in the gSSUGO dataset (Jones et al., 2003) . Each year, soil initial conditions (soil ammonium and nitrate concentration) were defined based on data from six field experiments designed to track soil N status in Illinois (Tables 1 and 2 ). These fields did not have a history of manure addition or cover crops. When entering crop management information at all sites, it was assumed that dry corn seed was planted at 4 cm depth in rows with a plant population of 8 plants m −2 at seeding. For model calibration, input data for fertilizer source, amount, time, and method of application were derived from the individual field trials described below.
Soil n Concentration Field Experiments
In this study, we used data for soil N concentration during the maize growing season from six field experiments during 2015 to 2017 for DSSAT calibration and validation procedures (Tables 1  and 2 ). In these experiments, soil N concentration was measured in two replications at 2 to 3 times after fall application in November to March and then at 10-to 14-d intervals from spring N application to pollination in each maize growing season. To obtain a representative estimate of soil N concentration across the inter-row Table 1 . geographical location and initial soil nitrogen concentration for the field experiments used for DSSAT model calibration in Illinois maize production systems. Initial soil nitrogen concentration was measured in november for Perry and Monmouth and in April for Dixon Springs and Marion.
Experiment Latitude Longitude Soil ammonium
Soil nitrate 0-30 cm 30-60 cm 0-30 cm 30-60 cm Dixon Springs 37.46 -88.72 10.0 3.9 2.9 3.8 (Table  1) . The DSSAT calibration process typically involves improvements in the six genotype coefficients (P1, P2, P5, G2, G3, and PHINT), which primarily reduce differences between observed and modeled crop phenology stages and maize grain yield ( Jones et al., 2003) . Using the phenological stages and maize grain yield in response to different fertilizer treatments, we previously cali-brated six genotype coefficients in a separate study (Banger et al., 2018) . However, we found that, although adjustments in crop genotype parameters improved yield predictions, they had minimal impact on simulating soil N concentration. Hence, our calibration process in the current study focused on improving the accuracy of soil N concentration predictions by adjusting SOM decomposition parameters (Table 3) . Initial steps in our calibration process indicated that soil N concentration was most sensitive to SOC and soil drainage rates. For example, with the original SOM decomposition parameters, the predicted soil N concentration was extremely low in most cases (Supplemental Fig. S1 ), especially where SOC was <1% and soil drainage was "well drained." Thus, we developed eight sets of SOM decomposition parameters in the model calibration process based on combinations of SOC content and soil drainage rates (Table 3 ).
Evaluation of Model Performance
We applied a two-step strategy for evaluating DSSAT performance in predicting soil N concentration in this study. In the first validation step, we used three independent field experiments located in DeKalb (Northern Illinois), Urbana (Central Illinois), Brownstown/Neoga (Southern Illinois), with soil N concentration determined at the same interval as the calibration experiments (i.e., ?10-14 d after spring N application) during 2015 to 2017 (Fig. 1) . The second validation step used an additional dataset consisting of soil N concentration observations from 49 commercial maize fields in Illinois obtained under the "N-Watch" program in 2015 and 2016 (Fig. 1) . In 2012, the Illinois Council on Best Management Practices started the N-Watch program to sample more than 500 farmers' fields for soil N concentration (0-60 cm) approximately one to five times during the maize growing season (http://www.illinoiscbmp.org/Nitrogen-Management/N-Watch). Soil N concentrations were determined at each field following the methods described above. Although the N-Watch program represents a large database for model validation purposes, we were unable to conduct simulations at most sites due to data input limitations, in particular the lack of agronomic management practices for each farmer. Thus, from this large dataset we modeled soil N concentration at 49 fields that met the following criteria: (i) soil data included at least three sampling times in a single season including the previous fall; (ii) the farmer provided information on N fertilizer amount, form, and application time; and (iii) the (1), DECS2(1), DECS3(1), DECSTR(0), and DECSTR(1) are the decomposition rates of different soil organic matter pools. ‡ Values for SOC were estimated at each location using gSSURGO (Soil Survey Staff, 2016).
fields did not receive manure or other organic matter. Because the N-Watch dataset did not include maize planting dates, we estimated maize planting dates based on weekly USDA National Agricultural Statistics Service Illinois crop progress and condition reports (https://www.nass.usda.gov/Statistics_by_State/Illinois/ Publications/Crop_Progress_&_Condition/). For each field, maize planting dates were set to the date when 50% of the area in a crop reporting district was planted. In contrast, we used farmersupplied information for N fertilizer amount, form, and application times for each field. We obtained daily weather parameters for each field from the closest weather stations under the Illinois Climate Network. To evaluate model performance at this set of 49 commercial maize fields, we grouped sites into four categories based on the cumulative rainfall amounts during January through July each year: (i) 500 to 600 mm, (ii) 600 to 700 mm, (iii) 700 to 800 mm, and (iv) >800 mm. The frequency of cumulative rainfall amounts falling into each of these categories was 35, 20, 25, and 20%, respectively, during 2011 to 2016 (Supplemental Fig. S2) .
We calculated four model performance indicators including r 2 , normalized RMSE (nRMSE), coefficient of residual mass (CRM), and index of agreement (D-index). Equation [1] shows that nRMSE quantifies the relative difference between model simulations (Ei) and field observations (Mi), with n equal to the number of observations and M representing the mean. In general, guidelines indicate that model performance can be considered "excellent" when nRMSE is <10%, "good" when nRMSE is between 10 and 20%, "fair" when nRMSE is 20 to 30%, and "poor" when nRMSE is >30% (Attia et al., 2016; Bannayan and Hoogenboom, 2009 The D-index reflects the degree to which the observed variation is accurately estimated by the simulated variation ( Eq. [3] ). The D value ranges from 0 to 1, with 0 indicating no agreement and 1 indicating that the model perfectly captures the dispersion in the data (Willmott, 1982) . In general, a D-index value of <0.50 suggests greater diversity and inconsistency in model predictions compared with simulated values (Attia et al., 2016) . rESuLTS AnD DISCuSSIOn
Model Performance and Soil Organic Matter Mineralization
In three field experiments used for model validation, observed soil N concentration ranged from 1.8 to 42.4 mg N kg −1 soil across the zero-N control and N fertilizer treatments at 0 to 60 cm over the entire season ( Fig. 2 and 3) . Overall, DSSAT performance was considered "fair" in predicting soil N concentration during the maize growing season at these sites based on an nRMSE value of 25.7% (Table 4) . A CRM index value of −0.036 indicated that the model slightly overestimated soil N concentration as compared with field data. A D-index value of 0.88 suggested that predicted variation was close to the observed variation in soil N concentration.
The ability to estimate SOM mineralization is a key step in improving fertilizer N use efficiency due to its large contribution to inorganic soil N pools and crop N uptake. In the control treatment, observed soil N concentration ranged from 2.6 to 22.5 mg N kg −1 soil, which showed a slight increase in April and May due to increased SOM mineralization associated with warm, wet weather (Fig. 2) . However, the increase in soil N concentration was comparatively greater at 0-to 30-cm than at 30-to 60-cm soil depths (Supplemental Fig. S3 and S4) . The DSSAT accurately predicted that soil N concentration for the zero-N control plots was 100% greater in Urbana (>20 mg N kg soil −1 ) than Brownstown (<10 mg N kg soil −1 ) during April and May 2015, whereas no such difference was found in 2016. Accounting for variation in SOM mineralization between fields is necessary to predict soil N concentration because the latter is the net balance of multiple soil N cycling processes (e.g., SOM mineralization, N fertilizer transformations, crop N uptake, and environmental losses).
Despite increasing emphasis on model-based decision support tools for N management in the private sector, it is not clear what level of accuracy is acceptable when developing agronomic recommendations for farmers. Scientific studies evaluating model performance in terms of nRMSE typically report ranges of 10 to 30% for predicting soil and plant variables. Although this may be acceptable for researchers to investigate interactions among cropping system components and to evaluate different scenarios, the level of confidence required by farmers, who are managing risk in a highly uncertain context with large economic implications, is likely much greater. Commercially available tools such as Climate FieldView provide some measure of uncertainty associated with weather forecasts but to our knowledge do not explicitly report uncertainty related to model accuracy based on comparisons with field observations. Future research is therefore needed to better understand the preferences of farmers and to determine what lev-el of accuracy is required for them to trust model simulations and associated recommendations. Another consideration for the current study is that results are only for soil N concentration, so the aim is not to develop recommendations. To turn this information into actionable knowledge for farmers, additional research is necessary to develop calibration curves relating soil N concentration with yield, which would also introduce uncertainty into predictions. Although this has been done to some extent using empirical data for specific crop growth stages, such as the late-spring soil nitrate test in Iowa (Sawyer and Mallarino, 2017) , similar efforts are needed to quantify relationships based on modeled soil N predictions and observed yield response.
Effect of n Fertilizer Treatments
We also investigated DSSAT performance in predicting the effects of N fertilizer amounts, formulation, and application times on the temporal pattern of soil N concentration at 0 to 60 cm (Fig. 3) . After fall N application at DeKalb and Urbana, soil N concentration remained >30 mg N kg −1 soil in November and December during the study period. Both the model and field data showed that soil N concentration decreased between the time of fall N application and maize planting, suggesting immobilization or environmental loss of fall-applied N. The difference in soil N concentration between 224-Spring and 224-Fall at the time of maize planting was 5.9 to 11.2 mg N kg −1 soil in model predictions compared with 1.0 to 4.4 mg N kg −1 soil in field observations, indicating that the model overestimated the environ- mental loss or immobilization of fall-applied N during 2015 to 2017. This has implications for the development of public and private model-based decision support tools for N management. Although these experiments were conducted at several sites, results suggest that additional field data may be needed to validate predictions, particularly in wet years when simulations predict large N losses due to leaching or denitrification.
At the time of maize planting, the difference in soil N concentration between 224-Spring and 224-Fall was greater in 2016 and 2017 compared with 2015 ( Fig. 3) . Previous studies have shown divergent conclusions on the effectiveness of fall and spring application times on soil N availability and maize grain yield in the US Midwest. In a review article, Bundy (1986) concluded that fall-applied N fertilizer is 10 to 15% less effective than similar amounts being applied in spring to maize. In contrast, Boswell et al. (1974) did not observe differences in maize grain yield between fall and spring application of N fertilizer. A number of field studies have shown that the effects of fertilizer application timing on soil N, crop productivity, and environmental loss are not consistent across years (Randall and Vetsch, 2005; Randall et al., 2003; Stehouwer and Johnson, 1990; Torbert et al., 2001; Vetsch and Randall, 2004) . Whereas prior studies have tended to focus on yields, our results provide evidence that calibrated crop models can be used to better understand the interannual variability of differences in soil N concentration due to fertilizer application timing. Because soil N concentration is rarely measured, such information could be an important step in helping farmers manage soil N status using digital decision support tools. In the longer term, model simulations also provide the necessary data to begin to assess crop yield penalties due to soil N availability. However, DSSAT was only able to capture the relative influence of fall vs. spring N fertilizer application on soil N concentration in the maize growing season across sites in 2 of 3 yr, indicating there are limitations to modeling approaches that need to be considered, as noted above. Unlike soil N changes over the winter, soil N concentration declined sharply in spring due to simultaneous crop N uptake and potential environmental losses caused by the comparatively wetter and warmer spring weather ( Fig. 3) . At the three experimental sites used for validation, DSSAT performed reasonably well in predicting the magnitude of soil N decline between maize planting and mid-June in response to different fertilizer treatments (Fig. 4) . Across 224-Fall and 224-Spring treatments at Urbana and DeKalb, soil N concentration decreased by 12.9 to 38.1% between maize planting and mid-June in the field observations, compared with a 1.0 to 55.7% reduction in model predictions. Farmers are often concerned with having sufficient soil N supply to meet crop N demand at the time of rapid uptake, which occurs ?4 to 6 wk after planting in Illinois maize production systems. In this study, DSSAT was able to estimate the decrease in soil N concentration after early spring weather conditions that were conducive to N loss, particularly in 2015, suggesting that the model has the potential to provide information that may assist farmers in making in-season N management decisions. Future research also needs to include an environmental component, for example by investigating the range of soil N concentrations necessary to optimize yields while minimizing losses at critical points in the maize growing season.
Model Validation in Commercial Maize Fields
We also evaluated DSSAT performance against soil N observations from 49 farmers' fields situated mostly in central Illinois. Several studies have calibrated process-based models that predict soil N concentration in the US Midwest. However, what sets our study apart is that these studies did not use a large, independent dataset derived from commercial maize fields as an additional validation step. Across the 49 sites with different fertilizer management scenarios, soil N concentration ranged from 6.0 to 55.5 mg N kg −1 soil, with a mean value at the time of maize planting of 26.7 ± 13.4 mg N kg −1 soil at 0 to 60 cm (Fig. 5) .
It is well established that early-season rainfall amounts have significant impacts on environmental loss of inorganic N from maize production systems (Randall and Mulla, 2001) . Across four cumulative rainfall categories for the early growing season, DSSAT predicted soil N concentration in farmer's fields with relatively high r 2 values between 0.68 and 0.88 and a slope of 0.99 to 1.24 (Fig. 5 ). Across the 49 fields, an nRMSE value of 21.2% suggested that DSSAT had "fair" performance in predicting the effect of fertilizer treatments on soil N concentration in the maize growing season. The D-index value of 0.91 suggested that variation in soil N concentration is closely related to the variation in the predicted field data. The CRM index value of 0.017 indicated the model slightly underestimated soil N concentration as compared with field observations. An important constraint of the large N-Watch dataset was the inconsistencies in fertilizer management (timing, amount, and form of N fertilizer application) and the time of soil sam- pling across sites, which hindered our ability to assess how well DSSAT predicted soil N concentration early in the growing season under variable rainfall conditions. To address this problem, we applied the calibrated DSSAT to each of the 49 commercial fields using a consistent N fertilizer treatment (224 kg N ha −1 applied as anhydrous ammonia on 10 April) to determine the sensitivity of model predictions to increasing amounts of cumulative rainfall. Model simulations indicated that mean soil N concentration 60 d after maize planting was 23.7 ± 9.6 mg N kg −1 soil when rainfall was 500 to 600 mm, whereas mean soil N concentration declined by 46% on this date (16.1 mg N kg −1 soil) as cumulative rainfall increased to >800 mm (Fig.  6 ). As noted above, we assumed that SOC content in the gSSURGO database represented actual soil conditions in this study. To quantify the implications of this assumption, we conducted a sensitivity analysis by evaluating changes in soil N predictions after altering SOC by ±10% in the model input datasets. Across 49 commercial fields, model predictions suggest that the change in soil N concentration between planting and 50 d after planting due to these SOC modifications was <2.5% across all four cumulative rainfall categories. This ratio suggests that differences up to 20 or 40% would cause uncertainty of 5 and 10%, respectively. Building on the discussion of model accuracy above, this range of uncertainty should be reported when developing decision support tools in either the public or private sector. This would help farmers better evaluate the validity of any tool. The level of confidence required by farmers may Fig. 5 . Comparison of observed and simulated soil n concentration (ammonium + nitrate, mg n kg −1 soil) at 49 commercial maize fi elds in Illinois. Field sites were categorized according to cumulative precipitation occurring between january and july in 2015 and 2016. Fig. 6 . Simulated soil n concentration (ammonium + nitrate, mg n kg −1 soil) during early-season maize growth at 49 commercial maize fi elds in Illinois. Simulations at each site were performed with 224 kg n ha −1 applied as anhydrous ammonia in spring (10 April). Field sites were categorized according to cumulative precipitation occurring between january and july from 2015 to 2017. Error bars represent the SD in soil n concentration after adjusting gSSurgO values for soil organic C at each site by ±10%.
depend on the variable being simulated. For example, for a variable like soil inorganic N concentration, some information may be better than no information to guide decision-making, even if estimates have large uncertainty. However, for other variables (e.g., yield), farmers may have higher requirements for model performance compared with in-season predictions of soil and plant processes.
In conclusion, the goal of this study was to develop a DSSAT-based tool that can track changes in soil inorganic N concentration in real time across soils, weather patterns, and fertilizer management scenarios in Illinois maize production systems, particularly early in the growing season when wet weather commonly occurs. Our results represent an important step toward this goal, with the calibrated model having "fair" performance in predicting soil N concentration for two independent validation datasets (nRMSE values ranging between 21.2 and 25.7%). Because SOM mineralization is a critical component in meeting crop N demand and determining N fertilizer requirements, an important finding is that DSSAT was able to capture early-season soil N dynamics in April through May due to SOM mineralization in the zero-N control treatments. Moreover, at two experimental sites with fall N application, DSSAT accurately predicted the differences in soil N concentration between the 224-Fall and 224-Spring treatments at maize planting, likely owing to greater loss of fall-applied N from the 0-to 60-cm soil depth. These contributions provide an additional source of information to farmers interested in making in-season N management decisions. Unlike previous studies focused on one or two sites, a novel aspect of this work was model validation against observations from 49 commercial fields (R 2 ranging from 0.69 to 0.88 across four rainfall categories). Across these 49 sites, DSSAT predicted that soil N concentration was 25 to 46% lower when rainfall amounts during January through July were >800 mm compared with fields with lower rainfall. Given increasing concerns with N losses in the US Midwest, results from this study suggest that DSSAT has the potential to improve N management decisions based on tracking soil inorganic N concentrations and potential losses early in the growing season. However, further work is needed to improve model accuracy and to understand what level of confidence is required by farmers to use decision support tools for N management. For transparency, we recommend that uncertainty associated with model performance and important input assumptions (e.g., using SOC from gSSURGO) be reported in the development of public and private soil N modeling platforms.
SuPPLEMEnTAL MATErIAL
Supplementary figures show non-calibrated model simulations, cumulative rainfall distribution from January to July in Illinois, and comparison of observed and simulated soil N concentration for 0-30 and 30-60 cm for the control treatments used for model validation.
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